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variables	impacted	motion	(Hollerbach	and	Flash,	1982;	Morasso	1982;	Abend	et	al.,	1982;	Soechting	and	Lacquaniti	1981).		 It	became	additionally	apparent	that	the	type	of	movement	being	performed,	whether	ballistic,	accuracy	dependent,	or	load	bearing,	also	contributed	to	the	overall	impact	of	limb	dynamics	on	the	motion.		During	a	ballistic	movement,	our	upper	extremities	act	much	like	a	whip,	causing	the	most	distal	point	in	the	chain	to	move	faster	then	the	most	proximal	point	(Bizzi	2001;	Hollerbach	and	Flash,	1982).	In	respect	to	human	movement,	the	shoulder	represents	the	most	proximal	point,	and	our	fingers	the	most	distal	point.		During	movement,	forces	produced	at	the	shoulder	propagate	distally	along	the	limb.	These	forces	must	be	controlled	for	in	order	to	properly	stabilize	the	limb	(Sergio	and	Kalaska,	1997).		This	can	be	easily	demonstrated	in	the	pitching	motion	of	a	baseball	player.		The	torques,	which	originate	from	the	shoulder	girdle,	travel	along	the	limb	and	are	conversely	translated	to	the	ball	(Hamill	and	Knutzen,	2009).		In	expert	baseball	pitchers	these	forces	are	used	to	the	pitchers	advantage,	allowing	for	high	speed	but	controlled	motion	of	the	baseball	(Hirashima	et	al.,	2007).		Even	during	small	movements	that	require	fine	motor	skills,	interaction	torques	must	still	be	accounted	for	in	order	to	accomplish	movement	with	accuracy	(Hollerbach	and	Flash,	1982).		 Despite	the	range	in	forces	and	torques	that	can	arise	during	multi-segmental	movements	such	as	reaching,	the	underlying	characteristics	of	those	movements	share	important	common	features.			Early	experiments	investigating	the	interaction	of	forces	provided	some	of	the	first	evidence	suggesting	the	importance	of	accounting	for	kinematic	and	dynamic	variables	during	motion.			From	these	experiments	two	consistent	findings	became	apparent;	the	linear	trajectory	of	the	hand	and	the	associated	bell	shaped	velocity	profile	(Morasso	1982;	Abend	et	al.,	1982;	Soechting	and	Lacquaniti	1981;	Atkenson	and	Hollerbach,	1985).		Although	these	results	may	not	be	surprising	they	were	significant	for	two	reasons:	1)	straight	lines	represent	the	shortest	distance	between	two	points	and	therefore	are	energetically	favorable	and	2)	the	linear	path	creates	the	smallest	propagation	of	forces	from	the	arm	to	the	object	being	reached	for	(Hollerbach	and	Flash,	1982).			Hollerbach	and	Flash	argued	that	the	only	way	the	observed	linearity	in	movement	could	be	maintained	was	if	forces	and	torques	were	properly	compensated	for	during	movement.			These	findings	strongly	argued	for	a	control	system	that	could	account	and	predict	both	the	kinematic	and	dynamic	variables	of	movement.				 Over	the	subsequent	decades,	numerous	theories	have	been	proposed	that	aim	to	provide	a	coherent	explanation	of	how	our	central	nervous	system	predicts,	plans,	and	executes	movement.		As	any	debated	topic,	each	theory	has	been	supported	through	a	variety	of	experimental	procedures.			The	difficulty	in	comparing	these	theories	and	their	accompanying	research	lies	in	the	variability	of	human	movement.			Some	theories	may	be	better	supported	in	the	context	of	rhythmic	movement	such	as	walking;	where	as	other	theories	have	built	their	case	using	complex	tasks	such	as	reaching	or	the	interaction	between	limbs	and	objects.			One	theory	of	motor	control,	which	has	received	a	great	deal	of	attention	and	research,	is	that	of	motor	primitives.		In	the	next	section	we	will	discuss	this	theory	and	its	application	to	studying	motor	impaired	individuals.						 	
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Motor	control	described	through	motor	primitives		 	As	mentioned	previously,	our	nervous	system	must	account	for	not	only	the	bones,	joints,	and	muscles	in	our	body,	but	the	resulting	forces	of	these	parts	acting	on	each	other.		Understanding	how	our	nervous	system	accounts	for	this	wide	array	of	variables,	often	referred	to	as	the	“degrees	of	freedom	problem”	or	the	problem	of	“motor	abundance”	has	been	central	to	motor	control	research.			The	notion	that	the	central	nervous	system	may	reduce	the	complexity	of	the	musculoskeletal	system	through	discrete	modules	dates	back	to	work	from	the	early	1900’s	(Sherrington,	1910).			Refining	upon	these	early	ideas,	Nikoli	Bernstein	developed	the	theory	of	muscle	synergies,	which	suggested	that	pre-set	patterns	of	muscle	activity	can	be	actively	combined	to	produce	a	variety	of	movement	(Bernstein,	1967;	Tresch	and	Bizzi,	1999).			By	having	discreet	sets	of	muscle	activation	patterns,	the	central	nervous	system	would	have	a	greatly	reduced	number	of	parameters	to	control,	allowing	for	easier	planning	and	execution	of	motion	(Bizzi	and	Cheung,	2013;	Bizzi	1991).				 In	the	time	since	the	conception	of	the	muscle	synergy	theory,	a	great	deal	of	research	has	investigated	how	these	synergies	are	organized,	and	where	anatomically,	they	may	reside.			Some	of	the	evidence	supporting	the	theory	of	muscle	synergies	comes	from	experiments	of	spinal	stimulation	in	rats,	frogs	and	cats	demonstrating	reproducible	patterns	of	muscle	activation	when	stimulating	the	same	spinal	loci	(Bizzi	et	al.,	1991;	Tresch	and	Bizzi,	1999;	Lemay	and	Grill,	2004).		As	the	stimulating	electrodes	are	moved	to	different	locations	in	the	lumbar	spinal	cord,	different	patterns	of	muscle	activation	can	be	visualized	(Bizzi	et	al.,	1991,	Tresch	et	al.,	2002).		These	patterns	of	muscle	activation	were	found	to	be	not	only	repeatable,	but	also	produced	meaningful	movements	such	as	swimming	patterns	in	the	frog	and	gait	in	the	cat.		Together,	these	experiments	gave	credence	to	the	existence	of	muscle	synergies	in	the	spinal	cord,	and	that	perhaps,	some	aspects	of	limb	dynamic	control	may	be	incorporated	into	the	synergies	(Bizzi	and	Cheung,	2013;	Tresch	et	al.,	2002;	Tresch	et	al.,	2006).					 The	identification	of	muscle	synergies	relies	on	finding	co-variant	patterns	of	muscle	activation.			This	is	most	commonly	done	through	applied	algorithm	procedures	such	as	principal	component	analysis	(PCA),	non-negative	matrix	factorization	(NMF),	and	independent	component	analysis	(ICA)	(Tresch,	2006).			These	methods	have	demonstrated	accuracy	in	finding	muscles	that	share	common	patterns	of	activation	in	both	biological	and	artificial	data	sets	(Steele	et	al.,	2013).			These	“low-dimensional”	subsets	of	muscle	groupings	are	then	termed	a	synergy,	as	they	constitute	specific	patterns	of	muscle	activation.			The	synergy	itself,	as	defined	by	the	algorithm	used	to	identify	them,	has	two	discrete	aspects;	the	weighted	coefficients,	and	the	temporal	profile.			The	weighted	coefficients	are	specific	to	each	muscle	within	a	given	synergy	and	represent	the	relative	strength	in	muscle	activation	for	a	given	movement.			The	temporal	profiles,	on	the	other	hand,	are	common	to	all	muscles	in	the	synergy	but	are	scaled	for	each	muscle	based	on	that	muscles	weighted	coefficient.			This	creates	a	temporal	profile	that	represents	the	increase	or	decrease	of	activation	of	the	synergy,	while	allowing	for	variations	in	specific	muscle	activity	to	accommodate	the	needs	of	different	tasks.					
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Figure 2. Results of principle component analysis. Cumulative explained variance and the 
number of principal components are shown for each movement type across participants 
(top plot) and for each participant across movement types (bottom plot). Grey dotted lines 
show results of decomposition of movement of the non-paretic arm, while black solid lines
shows results of decomposition of movement of the paretic arm. The principal components 
were derived from mean data and used to reconstruct data from individual movements.















































































Figure 3. The comparison between quantitative scores from standard and low-cost motion 
capture and qualitative scores. A, Dots show mean scores for each movement and each 
subject; thick line shows a regression fit. B, Symbols show mean scores for each subject; 
error bars show s.d. across 10 movements; thick line shows a regression fit.
y = 0.22 + 0.72·x
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Linear model from Fig. 3B
Figure 4. Decoding performance. A, Error in predicting each subject’s qualitative score from 
regressions fitted to the rest of the participants. Mean errors are expressed as % of the correct
score; error bars show s.d. across 10 movements. B, Symbols show the same data as in Fig. 
3B; lines show regressions for datasets with one subject’s data point removed. C, Histogram of 
intraclass correlation coefficients for relationships between individual human raters and the mean 
qualitative score. D, Colored lines show reducing errors as more raters score movements of the 
same participants per movement type, limb, and participant.
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Figure 5. Relationships between qualitative and quantitative scores for each movement type. 
Dots show mean scores across participants, thick lines show linear regressions with their 










Participant	 Age	 Sex	 Years	
post	
stroke	 Dominant	Hemisphere	 Stroke	Hemisphere	 Stroke	Location	
1 50 Male 5 Right Right Caudal medulla 
2 76 Male 2 Left Right Posterior globus 
pallidus and internal 
capsule 
3 20 Female 20 Right Right Middle Cerebral 
Artery distribution 
involving portions of 
frontal and temporal 
lobes 
4 80 Female 1 Right Left Posterior Limb of 
Internal Capsule 
5 62 Male 2 Right Right Frontal 
intraparenchymal 
hemorrhage 
6 39 Female 1 Right Right Middle Cerebral 
Artery distribution 
involving portions of 
frontal and parietal 
lobes, putamen, and 
globus pallidus 
7 76 Male 4 Right Left Anterior temporal 
lobe and posterior 
left putamen 
8 64 Male 4 Right Left Middle Cerebral 
Artery distribution 
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the	root-mean-squared	differences	between	them	was	0.05	±	0.02	radians	across	all	DOFs.		To	test	the	main	hypothesis,	the	muscle	torques	obtained	using	the	inverse	model	were	separated	into	two	components.	To	estimate	the	component	of	muscle	torques	responsible	for	inter-joint	coordination	without	gravity,	the	inverse	model	was	run	without	simulating	external	gravitational	force.	This	resulted	in	muscle	torques	that	would	produce	the	same	motion	without	gravity	as	that	recorded	in	presence	of	gravity.	Example	of	such	torques	would	be	the	sum	of	muscle	moments	produced	during	motion	in	microgravity	environment.	Then	the	component	of	muscle	torque	that	is	needed	to	compensate	for	gravity	was	estimated	as	the	difference	between	muscle	torques	with	and	without	gravity	as	follows:		𝜏!" = 𝜏! − 𝜏!"!	 	 	 	 	 	 												 																 		          (1) 	where	τG	is	a	vector	of	torques	that	only	arise	in	the	presence	of	gravity;	τM	is	a	vector	of	muscle	torques	around	each	DOF	during	simulations	with	gravity;	τMG0	is	a	vector	of	computed	torques	around	each	DOF	during	simulations	without	gravity.	If	we	assume	that	the	torques	produced	without	gravity	are	equal	to	the			component	of	the	motor	command	that	is	responsible	for	inter-joint	coordination	only,	without	gravity,	then	formula	(1)	can	be	rearranged	as	follows:			𝜏!" = 𝜏! − 𝜏!" , or      𝜏! = 𝜏!" + 𝜏!"        (2) 		where	τMN	is	the	component	of	muscle	torque	responsible	for	inter-joint	coordination,	i.e.	interaction	torques	and	other	inertial	torques	excluding	gravity,	and	τMG	is	the	component	of	muscle	torque	responsible	for	the	compensation	for	all	torques	due	to	gravity.	Below,	the	former	is	referred	to	as	MN	torque,	while	the	latter	is	referred	to	MG	torque	for	simplicity.	
 
2.2.Motor Primitive Decomposition Motor	primitives	were	extracted	for	each	subject	from	EMG,	kinematic	and	dynamic	data	separately	using	NMF	(Berniker	et	al.,	2009;	Torres-Oviedo	et	al.,	2006).	To	extract	EMG	primitives	(NMF1	in	Fig.	1B),	rectified	EMG	signals	were	normalized	to	movement	duration,	averaged	per	movement	direction,	and	low	pass	filtered	at	10	Hz.	To	ensure	muscle	activations	were	unitless,	maximum	contraction	values	were	calculated	for	each	muscle	across	all	movement	directions	and	used	to	divide	mean	EMG	for	each	movement	direction.	The	resulting	data	matrix	was	comprised	of	336	columns	(12	EMG	signals	for	14	movements	toward	each	virtual	target	and	14	return	movements).	Using	the	NMF	algorithm	described	in	Tresch	et	al.	(Tresch	et	al.,	1999),	EMG	primitives	were	extracted	for	each	subject.		𝑚 𝑡 = 𝐶!!!!!  𝑊! 𝑡              (3) 	
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where	m(t)	is	the	EMG	matrix	of	average	activity	of	all	muscles	during	all	movements	at	time	t	;	N	is	the	number	of	primitives;	Ci	is	the	array	of	weights	for	primitive	i	for	each	muscle	and	movement;	and	Wi(t)	is	the	activation	of	primitive	i	at	time	t	(Fig.	2).	The	number	of	EMG	primitives	was	increased	until	the	variance	accounted	for	(VAF)	in	EMG	reached	95%.			Fig.	2	near	here		To	extract	muscle-torque	primitives,	a	data	matrix	was	constructed	for	each	subject	that	included	muscle	torques	for	each	DOF	and	each	movement	direction	(NMF2	in	Fig.	1B).	The	signals	were	rectified	then	normalized	to	the	largest	value	of	the	signal	for	each	DOF	across	all	movement	directions.	The	resulting	data	matrix	was	comprised	of	120	columns	(5	muscle	torque	signals	for	the	28	movement	directions).	NMF	was	applied	to	this	data	with	the	same	criteria	described	above.		𝜏! 𝑡 = 𝐴!!!!!  𝑌! 𝑡         (4) 	where	τM(t)	is	the	muscle	torque	matrix	for	all	signals	per	DOF	per	movement	direction;	N	is	the	number	of	primitives;	Ai	is	the	weight	matrix	for	primitive	i	for	each	DOF	and	movement;	and	Yi(t)	is	the	activation	profile	of	the	corresponding	primitive	i.		To	extract	mechanical	primitives,	a	data	matrix	was	constructed	that	included	joint	angles,	angular	velocity,	MG	torque	and	MN	torque	for	each	DOF	(NMF3	in	Fig.	1B).	The	signals	were	averaged	across	the	fifteen	repetitions	of	each	movement	direction.	The	same	rectification,	and	normalization	procedures	were	applied	to	the	signals	as	described	above	for	muscle	torques.	This	ensured	the	same	scale	and	unit	independence	across	all	signals.	The	data	matrix	comprised	560	columns	(20	kinematic	and	kinetic	signals	for	the	28	movement	directions).	NMF	was	applied	to	this	data	with	the	same	criteria	described	above.		𝑑 𝑡 = 𝐵!!!!!  𝑋! 𝑡          (5) 	where	d(t)	is	the	matrix	of	average	profiles	for	all	signals;	N	is	the	number	of	primitives;	Bi	is	the	weight	matrix	for	primitive	i	for	each	signal; and	Xi(t)	is	the	activation	profile	of	the	corresponding	primitive	i.		The	rectification	procedure	changed	the	profiles	of	the	muscle	and	inertial	torques,	which	could	affect	the	comparison	between	motor	primitives	based	on	these	signals	and	EMG.	Rectification	of	inertial	torques	poses	less	of	a	problem,	because	these	signals	contain	two	readily	identifiable	phases	of	acceleration	and	deceleration	that	match	the	actions	of	individual	muscles.	Rectification	of	these	signals	results	in	profiles	with	two	burst-like	shapes	that	correspond	to	the	timing	of	the	two	phases.	However,	rectification	of	muscle	torques	results	in	more	variable	changes	in	their	profiles	that	are	not	easily	linked	to	specific	movement	phases.	To	address	this	concern,	we	tested	the	validity	of	NMF	on	the	rectified	torque	signals	to	accurately	capture	the	relationship	between	signals.	For	this	we	substituted	equations	(4)	and	
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rANOVA Degrees of Freedom F 
 
p 
Factors 119 3.58 0.01 
Gender x Factors 119 0.84 0.53 
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rANOVA Degrees of Freedom F 
 
p 
Multiple comparisons 	 Difference p 
Factor Primitive  A - C/E -0.02 0.09 
Factor Joint across - within 0.002 0.65 		
Table	2.	rANOVA2	on	shared	variance	between	weights	of	NMF	1	on	EMG	and	
weights	of	NMF3	on	kinematic	and	kinetic	signals.		
rANOVA Degrees of Freedom F 
 
p 
Factors 479 3.32 0.02 
Gender x Factors 479 0.88 0.51 
Multiple comparisons 	 Difference p 
Primitive A velocity - angle -0.023 0.15 
Primitive A velocity - MG torque -0.003 0.93 
Primitive A velocity - MN torque 0.013 0.64 
Primitive A angle - MG torque 0.019 0.07 
Primitive A angle - MN torque 0.036 0.18 
Primitive A MG torque - MN torque 0.017 0.45 
Primitive C/E velocity - angle -0.012 0.47 
Primitive C/E velocity - MG torque -0.033 0.01 
Primitive C/E velocity - MN torque 0.024 0.1 
Primitive C/E angle - MG torque -0.021 0.16 
Primitive C/E angle - MN torque 0.036 0.05 
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Discussion		 Here	we	aimed	to	examine	the	relationship	between	muscle	activity	and	resulting	motion	in	stroke	patients	who	suffer	from	chronic	motor	impairment.		To	closely	explore	this	relationship	we	had	eight	stroke	survivors	perform	center	out	reaching	tasks	while	their	motion	and	muscle	activity	was	recorded.		The	functional	ability	of	both	limbs	of	the	stroke	patients	was	examined	and	compared	to	the	right	and	left	limb	of	age	match	control	subjects.		This	allowed	us	to	examine	potential	changes	or	compensatory	strategies	to	the	neural	control	of	movement	in	both	the	more	and	less	affected	limb	of	the	patients.					 As	in	our	previous	work,	we	observed	strong	similarities	in	joint	angles	and	angular	velocity	amongst	our	control	subject	group.		This	consistency	in	the	control	subjects	was	also	present	in	muscle	activity	and	dynamic	signals.		Movement	recorded	from	the	less	impaired	limb	of	stroke	patients	also	resembled	that	of	the	control	subjects.		This	suggests	that	despite	changes	to	the	control	of	movement	for	the	more	impaired	limb,	normal,	or	nearly	normal,	motor	control	may	be	preserved	for	the	less	impaired	limb.				 Stark	differences	were	however	observed	in	the	more	affected	limb	for	several	stroke	patients.		In	two	out	of	the	eight	patients	(patients	6	and	7)	there	was	a	noticeable	decrease	in	the	correlation	between	muscles	of	the	more	affected	limb	and	average	muscle	activity	from	the	corresponding	limb	of	the	control	subjects.			Interestingly,	only	one	of	these	patients,	patient	6,	showed	a	significantly	slower	average	movement	time	on	their	impaired	limb	(4.4	seconds,	compared	to	1.7	seconds	on	the	less	impaired	limb),	where	as	patient	7	had	movement	times	that	were	roughly	equivalent	for	both	limbs	(1.8	and	1.7	seconds)	(Table	1).			This	finding	suggests	that	speed	of	movement,	which	is	often	used	as	a	measure	of	motor	impairment	in	post	stroke	assessments,	may	not	be	a	good	predictor	for	the	quality	of	underlying	muscle	activity.		Additionally,	patient	8	showed	significantly	different	speeds	of	movement	(9.8	seconds	for	the	more	impaired	limb	and	3.8	seconds	for	the	less	impaired	limb)	but	had	muscle	activity	that	was	similar	to	that	of	the	age	matched	control	subjects.				 We	also	observed	several	movement	types	that	had	lower	average	R2	values	across	the	patient	to	subject	comparison.		Four	of	these	movements	were	performed	in	the	horizontal	plane	and	one	in	the	vertical	plane	(see	figure	5	B).		Movements	three	and	four	require	both	shoulder	extension	and	elbow	flexion.		Movements	in	this	direction	create	assistive	interaction	torques	at	the	elbow,	which	cause	passive	flexion	of	the	elbow.		In	this	regard,	there	should	be	less	required	muscle	activity	at	the	elbow	to	achieve	the	desired	movement.			Movements	six	and	thirteen	also	create	passive	interaction	torques	at	the	elbow	with	the	extension	of	the	shoulder	assisting	in	the	flexion	of	the	elbow.		 One	could	speculate	that	movements	with	assistive	interaction	torques	should	be	easier	to	complete	by	individuals	with	motor	impairment	due	to	the	passive	assistance	and	thus	less	required	muscle	activation.		However,	it	appears	that	these	movements	showed	the	greatest	difference	in	muscle	activity	between	the	age	match	controls	and	stroke	patients.				 Previous	research	into	the	physiological	changes	that	lead	to	chronic	motor	impairment	have	suggested	that	ipsilateral	motor	projections	to	the	paretic	side	
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may	increase	during	the	recovery	period	of	a	stroke	patient	(Turton	et	al.,	1996).		These	anatomical	changes,	which	arise	from	plasticity	in	the	central	nervous	system,	have	been	show	to	increase	abnormal	inter	joint	movement	and	may	be	detrimental	to	movement	abilities	(Werhahn et al., 2003; Sukal, 2007).		This	has	also	been	demonstrated	as	an	increase	in	co-contractions	between	muscles,	causing	an	increased	stiffness	to	stabilize	the	limb	(Schwerin et al., 2008;).		It	is	possible	that	those	movements,	which	showed	the	greatest	difference	in	muscle	activity	between	the	age	match	controls	and	the	stroke	patients,	may	be	highlighting	the	underlying	physiological	changes	that	have	arisen	in	the	time	since	the	stroke.		It	is	also	of	interest	to	note	that	two	out	of	the	eight	patients	we	examined	were	less	than	one-year	post	stroke	(patient	3	who	was	6	months	post	stroke	and	patient	5	who	was	3	months	post	stroke).		Those	two	patients	only	showed	lower	average	correlation	values	for	the	patient	to	control	comparison	for	one	movement	type	(movement	type	6).		It	is	possible	that	these	two	patients	are	still	within	an	early	enough	time	window	since	their	stroke	that	the	aberrant	inter-joint	coupling	has	yet	to	establish.				 Although	early,	the	initial	results	from	this	experiment	suggest	that	it	may	be	possible	to	identify	specific	movements	that	are	capable	of	highlighting	the	altered	patterns	of	muscle	activity	present	in	stroke	patients.		If	true,	this	information	would	be	valuable	in	helping	develop	better	rehabilitation	strategies	that	focus	on	the	underlying	causes	of	long	term	motor	impairment.					 	
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	 Despite	its	necessity	to	everyday	life,	there	remains	much	unknown	regarding	the	control	of	movement.			This	gap	in	knowledge	is	continually	studied	in	the	ever-expanding	field	of	motor	control	research,	leading	to	the	development	of	new	methods	and	theories	that	aim	to	explain	the	control	of	our	vastly	complex	musculoskeletal	system.			The	application	of	this	growing	body	of	knowledge	ranges	from	the	improved	understanding	of	neural	networks	to	the	development	of	new	therapies	for	motor	impaired	individuals.			And	yet,	despite	our	vast	improvement	in	what	is	known	about	the	motor	control	of	humans,	there	still	remain	many	unanswered	questions	and	areas	of	contention.		 		A	reasonable	answer	to	why	so	many	different	theories	of	motor	control	are	still	hotly	debated	lies	within	the	complexity	of	the	system	being	studied.			Human	bodies	are	intricately	developed	systems,	with	dependencies	between	the	bones,	which	form	our	main	structure,	and	the	muscles	that	drive	the	motion	of	those	bones.			Because	of	these	mutually	contingent	parts,	it	becomes	difficult	to	separate	out	what	aspects	of	movement	are	planned	verses	which	aspects	of	movement	occur	as	a	result	from	our	biomechanical	framework.			This	embedded	artifact	of	human	motion	creates	a	difficult	system	to	study.			Adding	to	this	difficulty	is	the	wide	variety	of	movements	humans	can	perform.			Just	a	simple	reaching	movement	can	involve	greater	than	five	degrees	of	freedom,	tens	of	muscles,	bones,	and	accompanying	joints.			Add	to	this,	differences	in	speed,	accuracy,	and	distances	and	the	number	of	possible	tasks	that	can	be	tested	seems	endless.					 The	methods	used	to	study	the	human	motor	control	system	also	create	a	confounding	influence	on	the	answers	that	arise	from	experiments.			Experiments	that	focus	on	measurements	of	muscle	activity	provide	answers	regarding	the	coordination	of	muscles	necessary	to	drive	the	joints	and	bones	in	the	appropriate	manner.			Yet,	these	studies	can	overlook	the	interplay	between	muscles,	dynamics	and	the	resulting	kinematics.			Conversely,	studies	that	examine	kinematics	are	shortsighted	in	observing	only	the	resulting	movement	and	not	the	underlying	forces	that	produced	that	movement.			This	limitation	lead	us	to	develop	an	experiment	where	both	muscle	activity	and	the	accompanying	kinematics	and	dynamics	could	be	studied.			The	goal	of	this	work,	described	in	chapter	four,	was	to	determine	if	motor	primitives	derived	from	muscle	activity	matched	motor	primitives	from	movement	kinematics	and	dynamics.			Our	primary	metric	of	comparing	muscle	motor	primitives	to	kinematic	and	dynamic	based	primitives	was	the	comparison	of	how	the	weights	associated	with	each	primitive	type	were	distributed	across	movement	types.			Prior	work	in	this	field	has	shown	that	primitive	weights	are	spatially	tuned	in	specific	ways.			We	therefor	hypothesized	that	if	kinematic	and	dynamic	information	affects	the	structure	of	muscle	based	primitives	then	the	tuning	of	these	different	primitive	types	should	be	equivalent.			Interestingly,	we	found	that	there	was	in	fact	no	significant	overlap	between	kinematic,	dynamic,	and	muscle	based	primitives.			These	findings	lead	to	the	rejection	of	our	main	hypothesis.			This	is	not	to	say	that	there	is	a	devisable	relationship	between	muscle	activity,	dynamics,	and	kinematics.			It	is	however	possible	that	this	relationship	may	not	be	fully	captured	from	the	procedures	of	dimensional	data	deconstruction	often	used	to	classify	primitives.			For	the	future	of	motor	primitive	research,	it	would	be	imperative	to	find	a	method	of	primitive	
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classification	that	accounts	for	the	relationship	between	kinematics,	dynamics,	and	muscle	activity.					 Improved	methodology	for	investigating	this	relationship	would	also	be	greatly	beneficial	to	the	application	of	studying	chronic	motor	impairment	in	stroke	patients.			A	great	deal	of	effort	has	focused	on	creating	a	more	complete	and	easy	to	apply	metric	for	quantifying	post	stroke	motor	impairment.			However,	significant	limitations	have	derailed	these	efforts.			These	limitations	can	be	broken	down	into	two	categories:	method	of	observation	and	data	collected.			First,	the	method	of	observing	motor	impairment	in	stroke	patients	has	been	previously	limited	to	the	ability	of	a	trained	physical	therapist	to	visually	score	movement.			This	provides	a	qualitative	measure	of	motor	impairment	but	does	not	provide	a	quantitative	score.			Additionally,	the	use	of	these	tests	and	the	quality	of	a	report	generated	from	these	tests	is	reliant	on	the	expertise	of	the	administering	clinician.			To	combat	this	issue,	research,	research	over	the	last	decade	has	aimed	to	quantify	movement	impairment	by	using	state	of	the	art	technology	such	as	motion	capture	equipment.			Although	solving	the	issue	of	providing	a	quantitative	measure,	this	equipment	is	expensive	and	difficult	to	use	by	an	untrained	individual,	making	it	irrelevant	in	the	clinical	setting.			As	an	alternative	to	this	approach,	we	have	tested	the	use	of	low	cost	motion	capture	equipment	that	provides	a	“plug	and	play”	easy	to	use	set	up.			This	set	up	works	well	for	movements	in	the	frontal	plane	but	was	found	to	be	not	as	well	suited	for	movements	that	crossed	multiple	planes	or	incorporated	fine	motor	movements,	such	as	picking	up	paper	clips.			However,	this	approach	of	applying	low	cost	motion	capture	to	the	quantification	of	motor	impairment	should	not	be	abandoned	by	these	shortcomings.			The	speed	with	which	this	technology	is	advancing	is	very	promising	and	it	is	likely	that	this	technology	will	be	clinically	adaptable	within	the	next	ten	years.		 This	technology,	however,	will	need	to	address	the	other	limitation	currently	imposed	on	clinical	measures	of	motor	impairment,	which	is	the	type	of	data	currently	used	to	describe	post	stroke	movement.			Kinematic	data,	such	as	joint	angles,	velocity,	and	acceleration	are	important	metrics	but	fall	short	in	capturing	all	aspects	of	movement	impairment.			For	clinicians	to	have	a	full	description	of	motor	impairment,	it	is	important	for	muscle	activity	to	be	accounted	for	as	well.			This	however	is	a	difficult	request	to	accommodate.			Recording	muscle	activity	requires	the	use	of	EMG,	and	although	this	technology	is	becoming	cheaper	and	easier	to	use,	its	application	and	analysis	still	requires	a	trained	individual.			The	best	solution	to	this	would	be	to	provide	clinicians	with	a	tool	that	could	predict	muscle	activity	from	kinematic	data.			Programs	such	as	OpenSim,	created	by	researchers	at	Stanford,	are	the	early	stages	of	what	could	be	a	clinically	relevant	tool.				Research	being	conducted	at	Microsoft	has	also	produced	an	early	stage	model	of	predicting	muscle	activity	from	movement,	but	there	remains	considerable	work	to	create	a	model	that	is	adaptable	to	patients	with	movement	impairment.					 The	work	completed	during	the	tenure	of	this	dissertation	aimed	to	address	some	of	the	critical	gaps	in	our	knowledge	regarding	motor	control	and	its	application	to	studying	post	stroke	motor	deficits.			Additionally,	this	work	intended	to	push	the	boundaries	of	clinically	relevant	tools	that	would	provide	clinicians	a	more	comprehensive	mechanism	for	quantifying	post	stroke	movement	
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impairment.			For	the	future	care	of	stroke	patients	it	is	crucial	that	these	topics	continue	to	be	investigated.			Equally	important	is	that	the	dialogue	between	researchers	and	clinicians	remain	open	and	effective.			This	will	encourage	the	transfer	of	research	findings	into	clinically	relevant	tools,	which	is	the	only	way	to	provide	improved	care	to	this	important	and	growing	patient	population.					
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